We consider a problem where we have gene expression data from a large number of diverse 144 experiments, e.g. experiments from different tissues, conditions and developmental stages.
145
The objective is to predict the edges of an undirected graph with n nodes (i.e. genes), where 146 an edge represents the most pronounced co-expression between a pair of genes. Often, the 147 level of co-expression between genes will be context-dependent, e.g. tissue, growth condition 148 or developmental stage. Here we are primarily interested in detecting the core network, i.e. to 149 estimate the co-expression between genes that are prominent in the majority of the considered 150 sub-experiments. A sub-experiment is defined as a set of assays derived under "identical 151 settings", i.e. the assays within the sub-experiment can be treated as biological replicates. We 152 thus propose a pre-processing step (CSE) that enables prediction of the core network. 
165
It should be noted that the mean value of the centralised data within a sub-experiment will 166 always be zero. The idea behind CSE is to avoid pronounced correlations driven by differences 8 network utilising non-centralised data and Pearson correlation, arguably a fairly standard 196 approach, resulted in dense networks with several false positives. Due to computational 197 constraints, partial correlation approaches may not be suitable for constructing GCNs when 198 the number of genes is much larger than the number of experiments, see Discussion.
200
Evaluation of Gene Co-expression Networks
201
We consider a core network C, with n nodes and k edges, where the edges corresponds to 202 the fraction ω of the strongest co-expression correlation. A sub-network A  C, with nA nodes 203 and kA edges is said to be pronounced if kA is larger than the expected number of edges in a 204 randomly selected sub-network with nA nodes, i.e.
205
. The network C is commonly unknown, but it may still be possible to identify several pronounced 208 sub-networks, e.g. by considering physical or functional proximity, see Methods -Preparing 209 elements of the mitochondrial working model (iii-iv) .
210
We propose that the relative performance of predicted GCNs, all with the same sparsity ω, can 211 be evaluated based on the observed number of edges within pronounced sub-networks. In 212 short, we argue that the more observed edges (the lower p-values) within pronounced sub-213 networks, the better the predicted networks are, see Methods for further details. With that being 214 said, there is a risk to overestimate the number of edges within the pronounced sub-networks 215 resulting in an incorrect ranking of the considered networks, however, this risk decreases as 216 the number of pronounced sub-networks is increased.
218
Validation 219
For this study, we chose the plant mitochondrion as a focal point for 3 main reasons: (i) 220 assessing the biological relevance of our findings became much easier due to our pre-existing 221 knowledge on the plant mitochondrial metabolism, (ii) the number of genes to work with is low application of partial correlation methods, and (iii) the interest in mitochondrial biology is response hub in (almost) all eukaryotic cells.
227
The effect of tissue type on Gene Co-Expression Networks
228
Visualisation of the four GCNs generated using Cytoscape (Organic layout; Shannon et al.,
229
2003) revealed networks that shared strong similarities in structure depending on whether CSE 230 was applied or not ( Figure 2 ; Supplemental Table 2 ). Those networks based on non-231 centralised data displayed two distinct primary clusters of nodes ( Figure 2A and B), while those 232 based on centralised data were more integrated ( Figure 2C and D). To uncover the source of 233 these distinct clusters in the non-centralised data, we returned to the original data from the 234 AtGenExpress expression atlas, and defined each gene as presenting dominant expression in
10
Our first approach at challenging the four different co-expression networks was to examine the 251 resulting distribution of edges upon a small isolated subset of the mitochondrial network, 252 encoding components of the mitochondrial electron transport chain (mETC). The mETC is 253 central to the bioenergetic function of mitochondria and the array of genes that comprise its 254 five complexes have been demonstrated to be expressed at relatively stable levels in a variety 255 of tissue types and developmental stages (Lee et al., 2011) . A comparison between the mETC 256 set isolated from the four networks revealed a significantly higher number of edges (derived 257 from connections within and between the five complexes) in the networks based on centralised 258 data, while the influence of Partial correlation vs. Pearson correlation was comparatively small 259 ( Figure 3A ). As the same sparsity is applied to all four approaches, the total number of edges 260 in the entire network is held consistent between them; thus, the enrichment of edges within the 261 mETC observed here represents a valuable indication of putative biological interaction. Our 262 next step was to assess the distribution of edges within a single complex of the mETC. The
263
NADH dehydrogenase, commonly known as Complex I, is composed of three domains: the 264 peripheral arm domain (PAD), the membrane arm domain (MAD), and the carbonic anhydrase 265 domain (CAD) (Klodmann et al. 2010) . Each domain in turn is composed of an assembly of 266 proteins that carry out highly specialised functions, and thus proved ideal to assess the 267 relevance of the distribution of edges between the four different approaches (Methods; Figure   268 3B). Similar to the distribution of edges for the entire mETC, there were far more edges 269 between the nodes of Complex I in centralised than in non-centralised data, while the 270 difference in the number of edges between networks based on Pearson or Partial correlation 271 is negligible (Supplemental Table 3 ). In almost all cases, when comparing the number of edges 272 expected to occur by chance between the genes of the three domains with the actual observed 273 edges, this enrichment was found to be highly significant ( Figure 3B ). When this examination 274 was expanded to look at the distribution of edges within and between all five complexes of the 275 mETC, a similar enrichment of significant interactions was observed in the centralised data,
276
but not in the non-centralised data ( Figure 3C ). Interestingly, when the distribution of edges 277 between individual complexes and either (i) pooled complexes of the mETC, or (ii) the rest of mitochondrial set (total mitochondrial set, excluding the mETC), the networks based on noncentralised data showed relatively poor correlations with the pooled mETC and even weaker pooled mETC, with weaker connections to the non-mETC components. to one of 29 functional categories. By grouping genes belonging to the same functional 300 categories, we were able to measure the number of edges between genes within a functional 301 category, versus those between different but interrelated functional categories ( Figure 4 ). In 302 brief, when CSE had been carried out ( Figure 4C and D), the number of significant edges 303 between genes within the same category is much higher (ca. doubled) than is observed when 304 the data is non-centralised ( Figure 4A and B). Additionally, in the two centralised datasets, the 305 number of significant edges between different functional categories also increases, when 12 compared to their non-centralised counterparts. These inter-category edges were often highly 307 biologically relevant: for example a significant (P<0.0001) edge was observed between 308 nucleotide metabolism and protein biosynthesis in each of the four methodologies ( Figure 4A -309 D), which is hardly surprising given their canonic interconnectivity. In contrast, some 310 connections were only observed in the case of the centralised datasets ( Figure 4A-B ), such as 311 the significant (P<0.0001) edges between cellular respiration and carbohydrate and lipid 312 metabolism, as well as the connection between protein biosynthesis and protein translocation.
313
For these processes to operate efficiently, a high level of coordination in the regulation of the 314 genes involved is required, which supports these additional inter-category edges. In summary,
315
the known biological pathways strongly corroborate the input from the centralized co-316 expression data generated with our mitochondrial dataset and undoubtedly strengthen its 317 consideration for future analyses. Following these validation steps, the negligible difference in functions that had at least one edge to a NAF gene ( Figure 5A ; Supplemental Table 4 ). The
333
NAF genes were then arranged in descending order based on those with the greatest number 334 13 of edges to genes with known functions. We then selected the top 5 NAF genes and identified 335 the genes they interacted with. Next, the distribution of their associated functional annotations 336 was determined and assessed to see if they were enriched in a particular function ( Figure 5B ).
338
The top 5 NAF genes displayed significant over-representations with a range of different 
Synergy of centralisation approaches in the analysis of plant stress
In the field of transcriptomics, the application of conventional co-expression networks has 393 proven a highly powerful approach in characterising stress responses in a diversity of 394 organisms. In this study, we have demonstrated that CSE of data prior to correlation analysis 395 effectively identifies the innate relationship between genes, and thus delineates a "core gene-396 network". However, as previously mentioned, a caveat of this approach is that it is predicated 397 on the suppression of extraneous effects, such as stress, tissue, treatment, or genotype from 398 a given dataset, which therefore prevents us from interrogating the impact of these outside 399 influences on the dynamics of the co-expression network generated. 
412
To illustrate this, we identified a subset of 65 mitochondrial genes that are highly co-expressed 413 in shoot tissues in response to the following four stress treatments: Heat, Cold, Drought, and an initial network, which illustrates the influence of stress on the relationship between specific 
425
TOM6, TIM9, and the TIM-family protein AT1G18320), and assembly (e.g. HSP60-3A, HSP6,
426
Hsp89.1, CR88, and MGE2). Interestingly, a number of the genes in this shoot core stress set 427 were also present in a corresponding network prepared from root data (denoted with a black 428 outline in Figure 6B ). Of these shared genes, 2/3 rd are found in Community 3, which again 429 emphasises their importance. Therefore, we propose that viewing traditional co-expression 430 networks through a prism of a CSE Reference Community can rapidly reveal hidden degrees 431 of connectivity between genes and could have far-reaching applications in the field of 432 transcriptomics, regardless of organisms, treatments or even pathologies.
434

Discussion
435
In light of the burgeoning output of next generation sequencing projects performed on any 436 species, under different developmental or clinical conditions, the statistical power and 437 complexity of these networks will undoubtedly increase, while their biological relevance will be 438 fiercely challenged. Therefore, it is essential that current methodologies be refined to keep 439 apace of this progress and utilise these resources to generate more accurate and informative
440
gene networks to answer hypothesis-driven questions. With the present study, we proposed 441 an alternative method to conventional batch corrections and demonstrated that the 
453
the lower the p-values and thus the more edges) and which method is used to quantify the co-454 expression. For example, GCNs using CSE will on average estimate less extreme correlations 455 than GCNs not using CSE, although they may share several edges (see Supp. Fig. 3 ). We
456
argue that a sensible alternative approach is to control the sparsity of the network and to 457 consider the predicted edges simply as the most pronounced co-expressions.
459
The predicted core network depends on the coverage of included samples, which necessitates 
476
Evaluation and validation of GCNs is a challenge, since we have limited information on the 477 "true" relationship that exists between genes. We commonly have experimentally confirmed 478 protein-protein interactions and for some subsets of genes it may be reasonable to assume a 479 relatively high degree of co-expression. We usually lack information on truly non-existing 480 edges. In fact, from a theoretical point of view, we may argue that all pairs of genes are co-481 expressed to some extent. We propose that the validation should be based on pronounced 482 sub-networks for which we expect to observe more co-expression (i.e. more edges) than 
497
regulate the metabolic flux through them. This means that the genes encoding proteins 498 involved in those pathways are functionally correlated even though their respective expression 499 profiles may diverge slightly to satisfy a certain metabolic modularity. Our results show that 500 CSE-based GCNs had significantly more edges within the majority of the considered pronounced sub-networks (i.e. the mETC-complex and its sub-complexes and networks conjunction with conventional Pearson correlation can be used to fine-tune the prediction of 506 the function for uncharacterised genes (Fig. 5) ; while a combination with non-centralised data 507 can augment conventional stress analyses with the innate connections underpinning the 508 dynamic system examined (Fig. 6) . Indeed, the trade-off of a CSE approach is that the 
538
Construction of Gene Co-expression Networks 539
All analysis, if nothing else is said, was conducted with the statistical programming language 540 R version (R 3.5.1) (R Core Team, 2018). The R-code used to construct the GCNs described 541 below are found in our GitHub repository (Kellgren and Rydén, 2019;  542 https://github.com/Tezinha/Gene-Co-expression-Network).
544
The precision matrices were derived by controlling the fraction of edges in the off-diagonal 545 precision matrix at a user defined level ω. The elements of the precision matrix were derived 546 from a correlation matrix where the elements were set to "one" if the absolute value of the 547 correlations were larger than a cut-off , and "zero" otherwise. The threshold  was obtained 548 by an iterative procedure controlling the sparsity at the level ω=0.005.
549
The above approach was used for all analyses with the exception of exception of the analysis 550 resulting in the predicted communities presented in Figure 6 where an alternative bootstrap 551 approach was used. Here samples were randomly chosen with replacement, followed by 552 calculation of the precision matrix as described above. This procedure was repeated 50 times 553 and the resulting precision matrices were combined, generating a matrix with values ranging 554 from 0 to 50. The elements of the precision matrix were derived from the aggregated matrix, 555 21 where the elements were set to "one" if the values exceeded a cut-off β, and "zero" otherwise.
556
Here β was chosen to control the sparsity ω at 0.005.
557
Due to computational reasons partial correlation approaches are often carried out on subsets 558 of genes, rather than the whole genome of an organism. An example of this was detailed in 559 Ma et al., (2007) , which used a modified GCN approach to carry out partial correlation analysis 560 on batches of ∼2000 genes at a time. Aided by iterative random samplings of genes, this study 561 increased their coverage to that of the Affymetrix ATH1 array; resulting in a network composed 562 of 18 625 interactions (edges) and 6760 genes (nodes) (Ma et al., 2007) . Ren et al., (2015) 563 expanded on this and proposed an algorithm for constructing GCN with high-dimensional data 564 by implementing asymptotically normal estimation of large GCN, and in doing so, made it 565 realistic to perform GCN at a whole-genome scale (Wang et al., 2016) . Unsurprisingly, this 566 approach is enormously computationally taxing, which can prove prohibitive to researchers 567 lacking dedicated servers and advanced computer processing power.
569
Evaluation of Gene Co-expression Networks
570
For any sub-network A, with nA nodes and KA observed edges, of the predicted core network 571 C, with n nodes and sparsity ω, it possible to test if the sub-network is pronounced (the hull 572 hypothesis) versus that the sub-network is not pronounced (the null hypothesis). Under the 573 null hypothesis KA is binomial distributed, i.e.
574
,, 2 
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It should be stressed that the p-values will depend on the network's sparsity as well as the size Table 1 ).
593
(ii) Defining below-ground and above-ground dominant genes 594
The mitochondrial genes were classified in two categories with respect to their expression 595 patterns in below-ground tissues (e.g. root) and above-ground tissues (e.g. shoot and leaf).
596
For each gene i, the difference between the mean expressions in below-ground tissues, ̅ 597 and above-ground tissues, ̅ was calculated, i.e. ∆ = ̅ − ̅ . Genes with a difference larger 598 than one standard deviation, i.e. ∆ > ∆ , were classified as below-ground dominant genes, 599 while those with a difference smaller than one standard deviation, , i.e. ∆ < − ∆ , were classified 
